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ABSTRACT

POINT CLOUD SEMANTIC SEGMENTATION OF BUILDING
ELEMENTS OF FATIH MOSQUE, ISTANBUL

KASEM AGHA, Khwlah

M.Sc., Architecture Department, Altinbas University,
Supervisor: Asst. Prof. Dr. Can UZUN
Date: 12/2024
Pages: 95

Creating digital models for heritage buildings is important for preserving a city's history and
identity. The Fatih Mosque in Istanbul, a vulnerable historical landmark, was subjected to
multiple strong earthquakes over the years, highlighting the need for long-term conservation
strategies. Despite its significance and need for conservation solutions, there is limited
literature on the protection of mosques, particularly in the use of technology for the
documentation and conservation of mosques. This study focuses on the digital
documentation and autonomous detection of the captured elements from the Fatih mosque’s
facades, using semantic segmentation of a point cloud model for the detection and
classification of the facades’ elements. The point cloud data was captured through a
photogrammetric approach using a smartphone camera, documenting the southwestern and
northwestern facades. The captured data was processed in Agisoft Metashape software for
the point cloud model generation and classified using the CANUPO classifier within
CloudCompare software to segment the facades’ elements. Classification results
demonstrated moderate but considerable outcomes on the CANUPQ’s classifier ability to
detect heritage building elements. Results also showed good potential in utilizing
smartphones for generating digital heritage point cloud models. With further refinements
and developments, this study provides a valuable technological framework for the
documentation and preservation of Fatih Mosque, offering new insights into the application

of digital tools in heritage conservation.
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1. DIGITAL REPRESENTATION OF ARCHITECTURAL HERITAGE

Heritage preservation is a widely researched topic, which is vital for preserving cities’
identities and cultures. Historical buildings also referred to as heritage buildings, are
buildings built in the past that portray historical events and stories of the time it was built in
(Penjor et al., 2024). Also, some historical buildings are built as memorials for past events
or for people who participated in a historical event, to pass their stories to future generations.
These assets are important because they resemble past stories, events, and traditions that
creates the city’s character. Once these historical buildings are lost, the identities and stories
that they portray cannot be returned (Solla et al., 2020). Therefore, examining the conditions
of historical buildings regularly and checking for needed renovations or alterations is
essential for their protection and conservation (Martinelli et al., 2023) (Stober et al., 2018).
These assessments include evaluating the general building condition, observing buildings’
material types and quantities, analyzing structural elements’ condition, checking for cracks
and damages, and deciding whether to repair or alter (Solla et al., 2020). Usually, assessing
heritage structures relies on using traditional methods in the initial stage to gather
information about the historical structure and to produce the needed documents. These
methods require the intervention of a surveyor who visits the site multiple times, determines
key points, takes notes on any visible damage, takes measurements, and then manually
converts the collected data and measured distances into CAD software to produce 2D
drawings including plans, sections, and elevations. Then, these documents can be further
developed in 3D modeling software, which requires modeling of the historical building from
scratch. However, this process is inconvenient because heritage buildings have so many
details, complex ornaments, and geometries that are hard to manage and recreate manually.
Consequently, using traditional methods for documentation and preservation is tedious and

a time-consuming procedure (Baik, 2017).
1.1 DIGITAL MODELS OF HERITAGE BUILDINGS

As a better alternative to traditional methods for the data collection and representation of
heritage buildings, utilizing three-dimensional (3D) digital heritage models of heritage
buildings became essential. Recent studies note that implementing advanced technology

with heritage buildings is very effective and beneficial on multiple aspects like the
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documentation and preservation of historical assets (He et al., 2017). Digital heritage models
communicate the need to preserve the cities’ identities and cultures (Champion & Rahaman,
2019). Digital heritage models are a replication of existing historical structures which acts
as a reliable and sharable data source, that can be utilized in 2D and 3D software to obtain
needed documents (Grilli & Remondino, 2019) (Maiwald et al., 2019). Penjor et al. (2024)
explained heritage digital representations as an emerging approach that combines the use of
technology and advanced tools with existing heritage buildings, to recreate and document
all stages of the existing project. Digital heritage models can be represented in the form of
meshes or point cloud models. It is a worldwide adapted tool used by different sectors such
as architects, and electrical, mechanical, and structural engineers which is useful for
evaluation, analysis, and observation (Grilli & Remondino, 2019). A typical architectural
project workflow usually starts with conceptual sketching and ends with 3D renders
developed using modeling and rendering software, where the use of technology usually ends
after the construction phase ends. However, for digital heritage models, the opposite
workflow is followed where the use of advanced technology is important and helpful after

the construction phase ends.

Heritage digital models play an important role in their implementation within different
sectors like tourism, virtual reality VR, augmented reality AR, and heritage preservation.
Poux et al., (2020), produced a digital model of Jehay’s castle in Belgium to perform a VR
tour showcasing the castle and promoting a multi-use immersive experience. Within the
historical preservation sector, capturing and replicating an existing building and its elements
increases the efficiency of decision-making concerning alteration, maintenance, and
restoration (Pocobelli et al., 2018). Also. it enables the observation of the structure to
monitor id any damage occurred or might happen in the future (Mol et al., 2020). Moreover,
it provides a digital archive of the existing structure that can be accessed at any time for
assessment and observation. The archives can be shared, analyzed, and developed, enabling
the creation of 2D drawings consisting of plans, sections, and elevations along with 3D
presentations showing the interior and exterior elements. Most importantly digital heritage
representation offers great benefits for the heritage conservation sector, as shown in (Figure
1.1), the acquired benefits include documentation, representation, classification of building

elements, and the integration within heritage building information modeling HBIM (Clini et



al., 2024) (Nespeca et al., 2024) (Shabani et al., 2022) (Costantino et al., 2021) (Bacci et al.,
2019) (Baik, 2017b).

Documentation Digital Representation

Building Elements Heritage Building
Classification Information Modeling

Xz

Walls

Windows

Noze: Source (Brumana et al., 2018)

Figure 1.1: Importance of Digital Models for Heritage Conservation.

Regarding the mentioned benefits, the efficiency of the decision-making process concerning
renovation, maintenance, and evaluation increases (Truong-Hong & Lindenbergh, 2022)
(Croce et al., 2021) (Pocobelli et al., 2018) (Macher et al., 2017). As Capone and Lanzara
(2019) note, digital replicas of heritage buildings allow for detailed assessment and

refinement through the generation of a sharable digital model.

Many studies highlighted their importance and usability in various contexts. (Baik, 2017)
focused on the digital documentation of a heritage house in Jeddah, Saudi Arabia. They
produced a heritage representation model to add to Jeddah’s heritage database where
information is stored on which buildings need to be preserved, restored, or completely

removed. Another study by Psomadaki et al. (2018), involved different professionals in the
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production of a model which contributed to the management and documentation of heritage
structures. They mentioned that these studies promote the production of smart digital cities.
Additionally, most studies on digital heritage are associated with their implementation
within building information modeling (B1M) software, referred to as Heritage BIM (HBIM).
HBIM is a branch of the broader BIM domain, that specializes in generating a digital
representation model of a heritage building and implementing it in BIM software like Revit
(Themistocleous et al., 2022). Colucci et al. (2020) experimented with merging HBIM with
GIS data to fill the needed notes for the restoration and conservation of a church in Italy that
was subjected to multiple earthquakes. The results showed a good level of interoperability
between HBIM and GIS data.

Further studies need to explore digitalizing historical buildings from all around the world,
capturing buildings from different eras with different architectural languages. In the case of
historical assets within Turkey, several studies explored the digitalization of its heritage
mosques and buildings (Agirbas et al., 2022) (Bianchini, 2020) (Kan et al., 2019) (Benli,
2015). Bianchini (2020) generated a point cloud model of the main dome and piers of the
Hagia Sophia mosque to perform surveys on the dome’s structure. Another beneficial study
aimed at Istanbul’s heritage preservation (Kan et al., 2019), who used a laser scanner with a
panoramic camera to capture the Suleymaniye mosque, and produced a point cloud model
then remodeled it in 3Ds Max program to utilize it for virtual tours. Moreover, Kan et al.
(2019), used a laser scanner with a panoramic camera to capture the Suleymaniye mosque,
with the purpose of digitalization and using the digital model for VR tours. Another study
produced a digital model for Fatih Street within the historic peninsula using Terrestrial Laser
Scanning (TLS) for data collection (Benli, 2015), and Agirbas et al. (2022) extracted the
mugarnas elements from the main gate of Sehzade, Suleymaniye, and Atik Valide Mosques
for semantic segmentation. Despite these efforts, the Fatih mosque has received little
attention in the literature concerning its conservation, even though it is one of Istanbul’s
significant historical buildings. Therefore, this study focuses on creating a digital record of
the Fatih mosque, which was built between 1462 and 1470 and designed by the Architect
Atik Sinan. Through the development of a point cloud model and classifying the mosque’s

elements using semantic segmentation.



1.2 FATIH MOSQUE HISTORICAL SIGNIFICANCE AND PRESERVATION
NEEDS

Fatih mosque as shown in (Figure 1.2), is a UNESCO World Heritage site located in the
historical Fatih district in Istanbul/ Turkey. In 1462, after Istanbul was conquered, the Fatih
mosque was built and named after the conqueror Fatih Sultan Mehmet Il on a high hill with
a grand architectural complex consisting of surrounding buildings like schools, hospitals,
and kitchens, forming one of the most remarkable historical monuments in Istanbul (Kunter

& Ulgen, 1939, p. 1).

Figure 1.2: Fatih Mosque in Istanbul / Turkiye.

Its historical importance goes back to its original structure, which collapsed but it resembled
the Turkish identity and Ottoman architectural style that evolved within Istanbul. Originally,
the construction work started in 1462. However, the original structure was lost because it
faced major structural threats over the centuries due to its exposure to multiple strong
earthquakes. According to Durukal et al. (2001), the Fatih mosque is the most affected
heritage building in Istanbul by natural events, particularly earthquakes. In 1509, a strong
earthquake named the "Little Apocalypse" damaged the main dome and the columns’
capitals. Repeatedly, parts of the mosque were damaged in 1557 and 1754 because of the
earthquakes that occurred. Moreover, in 1765, the structure couldn’t endure the devastating
earthquake which caused the main dome and supporting wall to collapse beyond repair
(Kunter & Ulgen, 1939, p. 1), this led to the involvement of an architect named Eski Sinan,
which the reconstruction started in 1767 and ended in 1771. As shown in (Figure 1.3) the




1765 earthquake caused major reconstruction that altered the Fatih mosque’s original plan
different from the existing plan (Bal et al., 2015) (Kunter & Ulgen, 1939). Additionally, after
the 1999 earthquake, studies claim that the mosque might be exposed to severe collapses

again because of its close distance to a major fault (Bal et al., 2015).

"\’\)

a) Old mosque plan b) Existing mosque plan

Figure 1.3: Plan Schemes of the Fatih Mosque in Istanbul.

Figure 1.3 displays (a) the original plan before the mosque collapsed, and (b) the existing
plan after it was reconstructed on the same land. Originally, the mosque had two semi-square
spaces of an open courtyard and a prayer hall. It had an unsymmetrical plan layout with a
main dome of 26 meters in diameter and a semi-dome on one side at the same level with six
smaller domes on a lower level (Bal et al., 2015). According to Vatan (2018), one of the
main causes of the original mosque collapse is the unsymmetric plan design. Plan (b) of the
existing mosque has a smaller dome of 19 meters surrounded by semi-domes on four sides.
The main dome rests on four arches, supported by four pillars to provide an equal load

distribution system.

In the original mosque, the Turkish architectural elements were portrayed mainly in its

minarets and domes representing early classical Ottoman architecture, where the facade
6



elements of rectangular windows, pointed arch windows, columns, and doorways were more
regular and in harmony, as seen in (Figure 1.4) referenced from (Kunter & Ulgen, 1939)
book.
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Figure 1.4: Elevation of the Old Fatih Mosque, Before it Collapsed.

The existing mosque has a simpler and more static style, where the facade elements have
more ornaments and stone carvings influenced by the baroque style (Kunter & Ulgen, 1939,
p. 5), merging two styles into one historical monument. Upon limited literature, some
historians concluded from ancient writing that the mosque was built on the location of a
preexisting church named Havarion Church in the Byzantine era, which influenced the
existing mosque style, however, no concrete literature links it to the mosque, as some suggest
that it was only close to it and not built on the same site (Kunter & Ulgen, 1939, p. 6).
However, this didn’t affect the original aesthetic in which the Turkish ottoman style
remained. Regarding the current mosque’s fagades and exterior elements, the mosque
features two minarets, each with three balconies, built from stone and marble. Moreover, it
features multiple wooden entrances, three leading to the open courtyard and three leading
directly to the prayer hall. Several common design features are employed within mosques
built in the Ottoman era, including the main dome placement on a higher level, rectangular



lower windows, upper pointed arched windows, open courtyards enclosed by corridors
shaded with small domes, and richly decorated gates with mugarnas elements, as illustrated
in (Figure 1.5) referenced from (Gurlitt, 1912) book. These design elements are repeated on
multiple mosques within Istanbul, which yields to the importance of digitalizing and
semantically segmenting the mosque’s elements to produce an automatic digitalization and

segmentation approach for all the mosques with the same style.

Main dome
on a higher level

Half l mes

Layoul Symmetry

Figure 1.5: Section of the Existing Fatih Mosque.

Measured in Google Earth, the main northwestern facade of the open courtyards is 60 meters
long. It features 6 lower rectangular windows, 6 upper pointed arch windows, and one main
marble entrance that leads directly to the courtyard. This Marble entrance, influenced by
Seljuk architecture, remained even after the earthquake occurrence. It was acknowledged by
historians because it resembles the victory of the Turkish army where they passed and stood
showing power and unity (Kunter & Ulgen, 1939, p. 1). This landmark doesn’t only resemble
beauty, but it further conveys strength and historical accomplishments. The other long
facades, which are the southwestern and northwestern facades are 95 meters long, with 28
rectangular windows, 17 upper pointed arch windows, and two wooden entrances, one leads



to the courtyard, and the other leads to the prayer hall. While the northeastern side has 19
rectangular windows and 24 pointed arch windows with no entrances, this side can’t be
accessed and fully seen because it has a graveyard with the tombs of Sultan Mehmed 11 and
his consort Giilbahar Hatun tombs, also it has the domed Carullah Efendi Library in front of
it.

Because the mosque’s structural integrity is at constant risk, several researchers conducted
studies on the causes and solutions behind the mosque’s structural weakness and multiple
collapses. (Vatan, 2018) studied structural problems related to the cause of big damage that
altered the original structure. They concluded that the main issue within the old structure lies
in its thin, slender masonry walls and asymmetrical plan design. However, this study
required the intervention of multiple sophisticated programs to conclude this outcome. On a
more detailed aspect, Akyuz et al. (2015) analyzed the type of plaster and mortar used in
Fatih mosque’s wall painting materials. A partial sample from the main dome was taken and
analyzed using a combination of EDXRF micro-Raman and FTIR which are techniques that
measure different material radiation from a building element sample. Conducting this helped
in understanding the nature of the building’s raw materials. For documentation purposes,
(Yastikli & Alki) used a photogrammetry and remote sensing approach to capture the fagcade
of Fatih mosque. The captured photos were used to generate stereo photographs, which were
transformed into 3D vector data, achieved manually by a specialized operator. Even though
the model was produced, the manual modeling of the fagade required a professional to do it
and it consumed long periods, contrary to the use of advanced technology that can produce
the same model but in a significantly shorter amount of time. (Beyen, 2008) reported the
results from the structural identification and analysis during an earthquake that occurred in
1999. With multiple detailed structural models, the study aimed at conserving the mosque
by identifying current structural problems and the prediction of structural responses to any
future earthquakes. (Berilgen, 2007), conducted an in-depth analysis of the soil condition
and structural behavior during past earthquakes along with the prediction of its future
behavior. Table 1.1 demonstrates the main aspects of literature conducted on the

conservation and documentation of the Fatih mosque.



Table 1.1: Comparison Between the Literature Conducted on the Preservation of Fatih Mosque.

Referenced Year Focus Methodology Findings

Literature

(Vatan, 2018) 2018  Assessed the structural  -Studied construction Reported  structural
system of the domed techniques. problems caused by
Fatih mosque. _Analyzed past damages the  unsymmetrical

old plan and the thin
records.
exterior walls.

(Akyuz et al., 2015 Characterized the type Used EDXRF micro- Concluded that the

2015) of plaster and mortar Raman and FTIR plaster mortars
used in the wall analyzing techniques. belong to the mixed
painting of the Fatih lime—gypsum mortar
mosque. group.

(Beyen, 2008) 2008  Identified structural  Utilized a digital Presented graphs and
problems after the 1999 converter, DT-2827 A/D records of structural
earthquake. board with 16-bit A/D past, current, and

converter at a high speed of  expected behavior.
100 kHz accommodating.

(Berilgen, 2007) 2007  -Analyzed the local soil Employed Concluded that the
condition. horizontal/vertical ~ FAS soil played a huge role
Predicted the  site’s ratios and bedrock input in the cause of

. motion to test future structural damage in
future behavior for
future earthquakes. behaviors. past earthquakes.

(Yastikhi & Alki, 2003  Documented the Took 230 images with Produced a 3D vector

2003) existing mosque using asemi-metric  Rolleiflex and raster data model
close-range 6008 tool. of Fatih mosque.
photogrammetry.

(Kunter & 1939 -Aimed to understand -Evaluated past visual and Found valuable

Ulgen, 1939) the history of the written records including information on the
mosque. drawings and manuscripts. mosque’s history
-Obtained spiritual before and after the
evidence and valuable old structure
. . collapsed.
information.

Other literature presented information regarding the cost and amount of materials used for

the construction of the new structure, however, little information was provided on the
10



restoration and repair methods (Yayinlari, 2013). Despite the mosque’s urgent concern for
long-term conservation, there is a notable gap in the utilization of advanced technologies
and literature on the preservation and documentation of the Fatih mosque. This is due to the
loss of its original structure after the earthquake and not focusing on documenting the
original historical features in the reconstruction phase. Therefore, this research aims to
unravel two dimensions: First, generating a digital point cloud model for two of the Fatih
mosque’s fagades. Second, semantically segmenting the model to extract building elements

for future analysis and observations.
By achieving these objectives, the study contributes to:
a. Serving the urgent need for a long-term and sustainable conservation solution.

b. Producing trained data on the Fatih Mosque that can be utilized for the element’s

segmentation on other mosques with similar architectural features and language.
c. Providing a sharable digital model that serves different professions.
d. Digitalization of data acquisition and building elements’ detecting workflow.

To better tackle the digitalization of the Fatih mosque, employing point cloud semantic
segmentation for the mosque’s analysis and elements extraction offers an innovative solution

for tackling the difficulties of conserving such a large and complex structure.
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2. POINT CLOUD SEGMENTATION

Digitalizing the documentation and preservation processes of heritage buildings contributes
to better decisions regarding their restoration, alteration, renovation, and conservation. With
the utilization of point cloud semantic segmentation, each element of the heritage building
can be analyzed and shared among different professions. This chapter presents the point
cloud data collection, and semantic segmentation techniques, with the role of building

elements segmentation for heritage analysis.
2.1 POINT CLOUD DATA COLLECTION TECHNIQUES

Point cloud models consist of a massive number of points that digitally represent the
captured building, each point in the model has its properties such as color, reflection and
position (Yang et al., 2023). Wang & Kim (2019) defined point cloud models as three-
dimensional models with x,y,z coordinates representing surface information such as texture
and reflectance. Because of recent technological advancements, multiple tools nowadays can
be used for data collection of heritage point cloud models, without relying on traditional
methods and direct contact (Feroz & Dabous, 2021). Data collection refers to the act of
capturing a building or an object using different tools and equipment like cameras and laser
scanners (Moyano, Nieto-Julian, et al., 2021). Moreover, it is the procedure of using
technological equipment for capturing and documenting existing buildings (Rashidi et al.,
2020). These tools can determine the accuracy and level of detail of the produced model.
Therefore, prior planning for the chosen data collection tool is important to avoid data loss
and possible errors. Despite which method is used, the captured data represent existing
buildings in the form of a digital 3D mesh or a point cloud model that can be virtually
accessed for analysis, examination, and measurements (Opoku et al., 2021). As shown in
Chart 2.1, point cloud data collection procedures can be carried out using two main tools
which are (a) Photogrammetry (Martinez-Carricondo et al., 2021) (Kanun et al., 2021)
(Higueras et al., 2021) (Pang & Biljecki, 2022). (b) Laser Scanners (Zou et al., 2021) (Solla
etal., 2020). Or the combination of both (Andriasyan et al., 2020) (Mohammadi et al., 2021)
(Alshawabkeh et al., 2020) (Alshawabkeh & Baik, 2023).
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Chart 2.1: Point Cloud Models Data Collection Tools.

7~ N\
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Collection Tools
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Photogrammetry Laser Scanners
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Airborne Laser Handheld laser
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This chart displays the two main equipment used for collecting data from heritage buildings.
Several types lie under each main equipment, which are the most used and known types for
heritage capturing, however, other types that are not related to the heritage sector are
available but are not within the study scope. Both tools are great for use in the AEC
(Architecture- Engineering -Construction) industries because of their ability to capture
accurate three-dimensional models from real life and turn them into sharable digital models
(Kanun et al., 2021). Both methods perform effectively in capturing data from different
buildings with various scales, complexity, level of detail, and architectural languages
(Mateus et al., 2019). However, the choice of equipment relies on the building’s

requirements and the digitalization purpose and scope.

A regularly posed question is whether to use laser scanners, photogrammetry, or a
combination of both. The selection of a suitable method is affected by multiple aspects such
as the data scale, the building’s complexity, the documentation purpose, and the user’s
accessibility to the available equipment. Table 2.1 displays a summary of the difference

between the data collection strategies used in literature for heritage digital model acquisition.
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Table 2.1: Comparison Between Photogrammetry and Laser Scanners for Data Collection of
Heritage Buildings.

Comparison Factors Laser Scanners Photogrammetry
Point’s Information e RGB e RGB

e  Position e Position

e Reflectance intensity e  Textures
Cost Expensive Affordable
Flexibility Limited movability Flexible
Usage e Complex use Ease of use

e Require professionals
Limitations e  Affected by material e  Affected by shadows

reflectivity
e Need for image scaling

Even though both methods produce high-quality digital models, previous studies have
established that photogrammetry is starting to replace laser scanners, especially within the
architectural field, which focuses mainly on digital documentation rather than developing
and prosing new programming-oriented digital heritage studies (Mohammadi et al., 2021)
(Yang et al., 2023). This goes back to the photogrammetry approach’s ability to replace
traditional data collection methods with a cost-effective, flexible, and easy-to-use tool
(Koutsoudis et al., 2020). This approach is particularly suitable for experimental architecture
like this study done on the Fatih mosque. Which aims to produce a digital heritage model
and help establish a solid foundation for a fully automated and low-cost approach for data
collection and interpretation of complex heritage buildings with different architectural
languages. To better understand the usability of the mentioned tool, each method is explained

with examples of its applications.

Laser scanners provide accurate digital representations of heritage buildings by capturing
the real structure and turning it into points, where each point has its own characteristics such
as its position, color, and reflectance intensity (Mohammadi et al., 2021). The term laser
scanner doesn’t only imply one instrument, it encompasses different types that serve multiple
functions based on the accuracy level, the capturing purpose, and the object’s surrounding
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environment (Boardman & Bryan, 2018). One important aspect that all lasers depend on is
the distance between the captured building object and the used equipment, which differs
according to the laser type. These types include Terrestrial Laser Scanners (TLS), Mobile

Laser Scanners (MLS), Airborne Laser Scanners (ALS), and handheld laser scanners.

Multiple practices have experimented with the use of these types. Quattrini et al. (2015)
conducted a 3D reconstruction study on the Church of Santa Maria at Porto-Novo from the
Romanesque period using TLS, to perform a quality assessment on the obtained point cloud
model. Moreover, Damigcka-Suchocka et al. (2022) used TLS to create a 3D digital copy of
a brick wall structure. The captured data showed good results and allowed them to identify
cracks, repaired areas, and moisture from the 3D reconstructed model. Di Filippo et al.
(2018) argue that the use of standard laser scanners like TLS can be very time-consuming
and limiting for capturing narrow spaces. Therefore, they introduced the use of a wearable
mobile laser scanner MLS to capture the interior of a historical building while walking
within the place by making it more accessible and time-effective. Moreover, using
an airborne laser scanner ALS in combination with aerial photogrammetry, Risbel et al.
(2015) were able to successfully identify and document changes that occurred within the last
50 years in a historical landscape site in Norway. Lou et al. (2022) utilized a handheld laser
scanner with a camera to extract details and features from a cave in a historical garden in
China. They proposed a method to deal with rockery digitalization and control the raw point
cloud model to extract better features. The chosen type showed effective results showing

opportunities for future improvements and research.

Among all the mentioned types, TLS is the most used type within the digital heritage model
generation sector. Because it showed several good practices and benefits in the protection
and observation of heritage monuments (Costa et al., 2016). These benefits include the
ability to capture highly detailed and accurate digital replicas of historical buildings (Anton
et al., 2018), and the ability to capture an inclusive view of the whole structure (Abbate et
al., 2020). However, a major challenge with the use of laser scanners for data acquisition is
the data’s colors efficiency, because the camera position is not always compatible with the
scanner position which leads to misleading data fusion (Dostal & Yamafune, 2018).
Moreover, in a study done on the minimum number of geometrical features that can be
obtained through TLS, Chaudhry et al. (2021) mentioned the insufficiency faced in the
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laser’s ability to detect edges and cracks, because of the dense point cloud extractions, the
coordinates of points near the edges can be misinterpreted. This issue is known as the mixed
pixel effect, where the laser’s beam is not properly positioned at the edges which results in
points’ spatial discontinuities (Alshawabkeh et al., 2021). As Q. Wang et al. (2016) state
that avoiding these kinds of problems is hard to implement without the use of other assisting
methods. In addition to the technical limitations, the complexity of the laser equipment and
the process of capturing heritage buildings using advanced tools is very complicated and
takes long periods. Other than the fact that accessing laser equipment is difficult and very
expensive (Jovanovi¢ et al., 2020), the acquired models need further processing and the help
of professionals to obtain a digital heritage point cloud model (Fan et al., 2021) (H. E. Pang
& Biljecki, 2022). Because of the earlier mentioned issues, data representation and
dimensional measurements using only laser scanners can be imprecise and unreliable in
replicating accurate and detailed features. Because of these challenges including the high
cost, complex use, inaccessibility, and limited moveability of laser scanners, this study
utilized a photogrammetry approach ensuring the digitalization of the heritage Fatih mosque

using a cost-effective, accessible, and easy-to-use data collection technique.

Photogrammetry, as highlighted by Mikita et al. (2020) is an affordable and accessible
approach used to represent heritage buildings through digital point cloud models. Moreover,
it refers to the use of a camera tool to capture data of an existing building, where the produced
images can be converted into a point cloud model with information on the surface’s
materials, textures color, and position (Borg et al., 2020). It is typically suggested for
capturing data on buildings and structures with detailed and complex architectural elements
(Banfi, 2020). The produced point cloud model is obtained using overlapping multiple
images captured from different angles, instead of direct measuring.

Photogrammetry has different types, such as a normal handheld camera, a mobile phone, or
a digital camera positioned on a vehicle. Among all of them, the most used photogrammetry-
based tool is the Unmanned Aerial Vehicles (UAVs) also known as drones. UAVs are
cameras placed on moving vehicles that can be controlled remotely by humans, which
provides more flexibility and efficiency for obtaining data (Rashidi & Samali, 2020). UAVs
can reach and capture small inaccessible areas that laser scanners cannot access because of

the equipment’s heavyweight and difficulty of carrying (Themistocleous et al., 2016).
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Upon the literature, photogrammetry is considered the most effective and least time-
consuming approach for data collection of historical assets (Alshawabkeh & Baik, 2023). It
can be used for different reasons like surface inspection, materials evaluation, and overall
documentation and preservation (Dorafshan et al., 2019). Chart 2.2 introduces the

advantages of utilizing a photogrammetry approach for heritage building capturing.

Chart 2.2: Advantages of the Photogrammetry Data Collection Tool.

Cost
Effective

‘ Aerial

\ Photography | Easy to use
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textured ‘ Portable
images \

In comparison to laser scanners, it is a cost-effective tool that requires a camera only for
capturing (Alidoost & Arefi, 2017). This is particularly effective for budget-constrained
projects like this study and other scholarly research. Moreover, it provides high-textured
images, showcasing different materials and details of the captured building (Mineo et al.,
2022). This is mandatory to perform an accurate semantic segmentation of building
elements. The accessibility to photogrammetric tools such as smartphones makes it an ideal
and time-effective tool for data collection. It is easy to operate and take to multiple and
remote sites. Additionally, it has shown success in the generation point cloud model using
data processing software (Alidoost & Arefi, 2017). Among these benefits, a major problem
that occurs with a photogrammetry-based approach is the presence of shadows in photos
which majorly affects the production of a point cloud model (Arza-Garcia et al., 2019).

Moreover, Remondino et al. (2017) stated that the lack of accurate scale and the need for
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Image scaling and processing is an issue that needs to be further investigated and resolved.
These challenges impact the results of the produced point cloud model, which can later affect

the segmentation and classification results (Arza-Garcia et al., 2019).

To summarize, both methodologies provide high-quality models that make them suitable for
surveying and documenting heritage buildings. However, photogrammetry approaches are
more accessible, easier to manage and operate, and more cost-efficient, which motivated this
study to implement a photogrammetric approach for the capturing of Fatih mosque in
Istanbul. Nonetheless, the captured raw point cloud data has no organized or meaningful
structure, representing surfaces without any distinguishable elements highlighted by edges,
surfaces, or distinctive geometric features. As Moyano, Nieto-Julian, et al. (2021) declare,
the resulting point cloud model from either photogrammetry or laser scanners should be
processed and further developed using advanced tools for data processing, cleaning, and
semantic segmentation. Therefore, the collected data requires further processing to extract
meaningful building elements each with its own properties. This processing can be
performed using various ways, one that will be employed for this study is point cloud

semantic segmentation.
2.2 POINT CLOUD SEMANTIC SEGMENTATION TECHNIQUES

Point cloud semantic segmentation is crucial for understanding and interpreting 3D
replicated point cloud heritage models (Zou et al., 2021). Semantic segmentation is the
process of assigning a label to each point in the digital point cloud replica of a real building
(Xie et al., 2020). Maru et al. (2023) defined it as the procedure of grouping points with
similar characteristics into regions where their properties and features are related. Mostly,
old studies experimented with segmentation methodologies using handcrafted features only.
These handcrafted features involved human interventions and manual interpretations of each
point in the reconstructed model (Zou et al., 2021). Manually labeling each point in heritage
digital models is very time-consuming and labor-intensive (J. Zhang et al., 2022). Therefore,
Grilli et al. (2017) stated that performing semantic segmentation is crucial to simplify the
complexity of point cloud models, by assigning each point to a specific group which helps
in obtaining meaningful objects that can be developed into editable 3D models easily. This
process focuses on understanding every aspect of each point, from its geometrical

structure to the smallest detail of its color and position (Guo et al., 2020).
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Most architectural research related to heritage segmentation and preservation focused
on very large datasets of heritage benchmarks for testing and training while neglecting other
historical landmarks that need to be digitally documented and observed, which is a gap that
needs to be addressed in the literature (Zou et al., 2021). This gap led to the realization of
the need for more studies focusing on newly captured data from different parts of the world
with different scales to explore the digital automation and semi-automation of multiple
architectural heritage languages. This motivated this study to be conducted on the Fatih
mosque in Istanbul, which is one of the city’s most important historical assets. Therefore,
employing semantic segmentation for the Fatih mosque’s building elements contributes to

its preservation, so this heritage treasure can be known by future generations.

With the huge focus on semantic segmentation, various segmentation techniques have
emerged. Generally, machine learning and deep learning-based algorithms are used for the
classification task for point cloud models. Both techniques perform effectively for the
semantic segmentation of heritage 3D models, depending on the type and scale of data.
However, the main difference between them lies in how their algorithms function. For
segmenting, machine learning applies mathematical algorithms, while deep learning
implements artificial neural networks to mimic the human brain and functions (Llamas et
al., 2017). Even though machine learning-based algorithms may require some human
intervention for data training, their structure has a more straightforward workflow and a
faster processing time than deep learning algorithms. On the other hand, deep learning
algorithms provide high accuracy of data interpretation but require larger datasets, high
computational powers, and someone familiar with programming and the complexity of such
algorithms. Given the benefits and challenges of both, the choice of the used technique
differs according to the project’s type and requirements. To preserve the heritage Fatih
mosque using low-cost, fast processing, and easy-to-use technigues, a machine learning

approach utilizing the CANUPO classifier was employed.

In machine learning-based methods, a well-known semantic segmentation tool is worth
mentioning which is CANUPO. CANUPO is a plugin in the CloudCompare software, used
for classifying and labeling point cloud models based on geometric features. Moyano et al.
(2021) utilized the CANUPO plugin to classify different building elements from the Casa de

Pilatos Palace facade in Seville, Spain. In their study, data was collected using laser scanners.
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They performed three segmentation tests, one classified an element from the whole facade,
the second focused on the main gate only, and the third emphasized a small retable. The first
test showed unsatisfactory results, however, in the second and third tests the algorithm’s
accuracy increased because the test had smaller point numbers. This highlights the
importance of data cleaning methods for point cloud models for the use of the CANUPO
plugin. Other techniques include region-growing classification (Nurunnabi et al., 2012), this
approach is widely used for grouping points into plane surfaces such as walls and roofs for
historical buildings (Paiva et al., 2020), clustering-based segmentation (Galantucci &
Fatiguso, 2019), which is suitable for segmenting irregular point clouds, like the detection
of surface damage and cracks in heritage buildings (Yang et al., 2023), model fitting
(Maltezos & loannidis, 2018), this algorithm mainly works with regular point clouds where
it detects shapes and geometries and groups points to a relevant category (Li & Shan, 2022),
lastly, edge-based classifier, this works by extracting the boundary of points’ regions, this
machine learning based technique is more effective with the classification of 2D images
rather than 3D point clouds (Rabbani et al., 2006).

On the other hand, several studies introduced automated solutions for the detection of
building elements utilizing deep learning-based algorithms. Point Net is A widely known
framework, a pioneering neural network framework introduced in 2017 by Qi et al, that
directly works on unstructured point cloud models. Xiong and Wang (2021) employed
PointNet for segmenting elements from an indoor scene. PointNet works by passing points
as input data into a series of neural networks, then it groups points with symmetrical features
Despite PointNet being a pioneering segmentation technique, Xiong and Wang (2021) state
that the classification results showed an overall accuracy of 95%, but it failed at classifying
elements with smaller and more complex features. Haznedar et al. (2023), employed
PointNet for the segmentation of 28 heritage buildings in Gaziantep, Turkey. Most of the
case studies were used as training data, while 20% of them were used for testing. However,
PointNet showed unsatisfactory results for the segmentation of these buildings due to the
deformation and damage in the condition of the buildings. An improved version of PointNet
is the introduction of PointNet++ by Qi et al. (2017), PointNet++ applies the same approach
used in PointNet, with the difference of focusing on smaller neighboring points and moving
them into bigger groups where the local features can be extracted from. This was performed
to extract interior elements like walls, floors, chairs, desks, beds, and doors. It showed
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efficient results in its ability to semantically segment points robustly and effectively.
Therefore, PointNet++ is more sufficient for its ability to extract features of detailed and
complex structures. Another study using a deep learning-based algorithm named DGCNN
(Dynamic Graph Convolutional Neural Network) (Pierdicca et al., 2020) aimed at
segmenting architectural elements of 11 labels, including columns, arcs, walls, windows,
vaults, and roofs. This segmentation technique works by capturing geometrical relationships
between neighboring points by changing their order multiple times to learn edge features
between them. Other similar studies utilizing deep learning-based approaches are graph-
based segmentation. Shen et al. (2018) declare that PointNet has a gap in its ability to
recognize fine-grained features within a point’s local neighborhood. In response to this gap,
Shen et al. (2018) improved the existing framework by introducing a graph-based approach
named KCNet. Which employs kernel correlations to define point set kernels. Kernel
correlation is the process of extracting similar features and understanding how (kernel
points) fit with each other. Then it extracts features from graphs employed on neighboring
points. Their experiment focused on segmenting different parts of an object, such as
segmenting the chair’s seat from its legs, or the table’s top from its legs. This technique
showed that this algorithm was able to autonomously capture elements, outperforming

previous techniques.

The selection of the semantic segmentation technique depends on the availability of tools,
the scalability of the data, and the familiarity with the segmentation algorithms. As
mentioned above, while DL-based algorithms might provide more accurate results than ML,
DL algorithms are more programming-oriented and require professionals to operate, with
longer computation time. Therefore, the approach of ML was used, exploring one of its
classifiers CANUPO within CloudCompare software. Originally, the plugin was tested on
natural scenes like the detection of rock, vegetation, or rivers, while fewer studies
implemented it for digital heritage semantic segmentation. Given that the CANUPO
classifier wasn’t employed on any heritage data captured from Turkey, more specifically
heritage data collected using a photogrammetry approach, this methodology applied is

original.
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2.3 SEMANTIC SEGMENTATION OF BUILDING ELEMENTS

Segmenting building elements serves great benefits within the architectural field, especially
for heritage building elements analysis and observation. In the heritage conservation sector,
semantic segmentation refers to the interpretation of digital heritage data, by classifying
building elements as separate objects that can be developed, analyzed, and imported into
engineering software (N. Rocha et al., 2020). It became a widely researched topic with
applications used for both 2D images and 3D models. When applied to 3D models, utilizing
semantic segmentation is more useful, as it serves as a classification tool that enables the
extraction of different building elements that can be shared for analysis and evaluation. This
process focuses on isolating and extracting building elements from unstructured and raw

digital point cloud data, elements such as walls, windows, doors, columns, and roofs.

Segmenting building elements has been explored intensively for years within different
sectors. In the structural engineering field, Hamid-Lakzaeian (2020) experimented with four
segmentation techniques applied to three buildings in Dublin, Ireland, to address the issue
of segmenting multi-planar fagades and differentiating load-bearing elements from the other
building elements. The study's results demonstrated an overall accuracy of 91% in the
algorithm's ability to distinguish multiple structural elements. Within the urban field, Sun et
al. (2024) developed the RandLA-Net algorithm to extract the roof element from the lidar
laser scanner data, to solve the complexity of the need for roof reconstruction and restoration.
Within the architectural sector, utilizing semantic segmentation supports the automation of
heritage building element identification and assessments. Segmenting heritage building

elements has various advantages, as seen in Chart 2.3.
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Chart 2.3: Role of the Building Elements Semantic Segmentation in Heritage Analysis.

— Element's observation and evaluation

— Producing parametric objects for BIM
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As presented in the chart, segmenting building elements contributes to various aspects within
the heritage sector. Conducting a detailed analysis of the heritage building entities was
explored by Croce et al. (2021), who utilized an automatic segmentation technique using
the CANUPO plugin in CloudCompare software, to label and classify different building
elements from the Pisa Charterhouse aiming to transfer the segmented elements into BIM
for documentation and observation. Additionally, Malinverni et al. (2019) evaluated the
performance of PointNet++, by testing its ability to recognize heritage elements like arcs,
columns, walls, and windows performed on both an indoor and outdoor scene from four
historical buildings. By using an automated clustering and labeling approach, they aimed at
preserving the heritage buildings through the digitalization of these assets, in which the
algorithm showed good outcomes that can be further studied and developed. Moyano et al.
(2022) applied semantic segmentation to extract structural elements and conduct a detailed
structural analysis of the La Anunciacion church. Other advantages include simplifying the
transformation procedure to BIM software, through the creation of parametric objects that
can be shared and edited, done by Macher et al. (2017) the study aimed at extracting
structural elements from a historical building, to facilitate its integration within BIM
software to provide parametric objects each with its properties within Revit for further

analysis and assessments. Similarly, Moyano et al. (2021) used the CANUPO classifier to
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identify different architectural elements such as walls, windows, and gates. Using easy-to-
operate software without the need for programming or professionals, they moderately
succeeded at segmenting some building elements and imported them within BIM software
for elements’ development and observation. Barrile and Fotia (2021), experimented with the
semantic segmentation of a point cloud model of a church capture in Italy using UAVz and
laser scanners. They extracted different entities into editable parametric objects. From an
accessibility perspective, segmenting building elements enables project sharing and
assessment among different professions by providing the targeted elements to each
profession separately. Truong-Hong and Lindenbergh (2022) used point cloud segmentation
to extract structural components such as concrete walls, columns, and primary and secondary
beams from a concrete building, to simplify the structural inspection procedure and distribute
the information to their related sector. Likewise, Murtiyoso and Grussenmeyer (2019)
explored the use of different geometric-based algorithms to classify historical buildings into
multiple elements such as roofs, walls, floors, and structural supports. Particularly, in the
second phase they focused on segmenting structural supporting elements like columns and
beams. As a result, the algorithms succeeded in classifying the building’s elements and
further distinguished between columns and Pires. With the aim of preservation, segmenting
building elements Supports the automation of damage and crack detection by classifying
smaller elements and conducting detailed examinations of them. This facilitates decay and
damage detection, which can be applied to different historic structures like castles and

monumental buildings as studied by (S. Bruno et al., 2023).

Despite the importance of identifying building elements from the digital heritage model, this
process is still rather complex and in need of more research and experimentation. When
aiming for heritage elements classification, some challenges might result in wrong
segmented points. Moyano et al. (2021) implemented the CANUPO plugin for classifying
elements from a palace in Seville, in which the obtained results weren’t all satisfactory,
because the algorithm failed to classify elements that have the same form but differ in
material or colors. This goes back to CANUPO, which mainly performs segmentation based
on the shape and form of the captured building elements. Moreover, PointNet, a pioneering
segmentation framework that formed the base of many developed segmentation algorithms,
still results in inaccurate classification of elements. This was encountered by Xiong and

Wang (2021), where the algorithms couldn’t classify elements that were in close contact
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with each other, like classifying a book on a table, it struggled to distinguish the elements
from each other, so it falsely classified the books as part of the table. This indicated that the
semantic segmentation field still requires more research experimenting on different

buildings using different data managing techniques.

Having outlined the advantages of segmenting building elements for enhanced heritage
analysis and interpretation, the following chapter will detail the methodology employed in
this study, explaining the workflow and used tools to semantically segment the Fatih

mosque's facade elements.
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3. METHODOLOGY

The following section describes the workflow used for the digitalization and semantic
segmentation of the Fatih mosque building elements. (Figure 3.1) illustrates the utilized
methodology in order. However, it is important to highlight that for other studies with the
aim of digitalizing and segmentation, the process might differ. The presented steps are not
linear, some of them might be skipped, developed, or repeated multiple times. Also, other

equipment for the data collection and interpretation may be used.
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Figure 3.1: Workflow for the Point Cloud Semantic Segmentation of the Fatih Mosque.
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The first step is data collection, which requires multiple site visits and equipment to capture
the existing historical structure. For this study, photogrammetry was employed using a
smartphone camera to capture the southwestern (SW) and northwestern (NW) fagades
resulting in 261 images from both sides. In the second step, the captured images were
processed using Agisoft Metashape Pro software to generate a 3D point cloud model. Agisoft
Metshape first generates a sparse point cloud model which the dense point cloud model with
more textures and details is built upon. After data processing, data cleaning was applied
using manual and automatic techniques, manual techniques were conducted in Agisoft
Metashape, while the automatic techniques were utilized within CloudCompare software.
Fourth, is data training on the SW side through manual identification of areas representative
of the mosque’s elements with the utilization of the scale ramp values adjusted based on the
targeted element for segmentation. Last comes the classifier testing, by assessing the
CANUPO plugin’s ability to segment elements from the NW facade, based on the trained
data on the SW fagade, this gives an insight into the classifier performance and suitability

for heritage data.
3.1 DATASET

To apply semantic segmentation, the dataset was divided into two. The first dataset is used
for training which is captured from the SW facade. The second dataset is used for testing,
and captured from the NW fagade. As shown in (Figure 3.2) the red color indicates the longer
side of the SW facade which has more elements, and some elements like the windows were
repeated which helps the classifier to learn the element’s feature better. The green color
resembles the shorter side of the NW facade. Two elements from the SW fagade weren’t in

the NW facade, all the fagade elements will be explained in the coming chapters.
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Figure 3.2: The Fatih Mosque’s Facades Used for Training and Testing the Semantic
Segmentation Classifier.

The other facades, the northeastern and southeastern facades aren’t within the study’s scope,
because both sides couldn’t be accessed and captured. Upon multiple visits, the northeastern
side was closed for renovation and alteration, covering the whole fagade. The southeastern
facade can’t be accessed in general, because it has a library and the Sultan Mohamed al
Fatih’s tomb in front of it, which limits its accessibility. However, this limitation doesn’t
affect the implemented workflow or findings of the study, because both the NE and SE
facades have the same elements of this study’s data including the SW and NW facades.

This data is relevant for testing and training because the fagade elements of the Fatih mosque
resemble the Ottoman architectural style, which helps in the digitalization of other mosques
with similar elements and features. So, it doesn’t only contribute to the preservation of the
Fatih mosque but to the digitalization of other buildings with shared characteristics. This
dataset helps form the basis of data management procedures. Each one of the captured
facades is developed and prepared for segmenting elements. The following chapter
introduces the data collection procedure, what was used, and how the NW and SW facades

were captured for digitalization and classification.
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3.2 FATIH MOSQUE’S DATA COLLECTION AND POINT CLOUD
PROCESSING

To prepare the dataset for semantic segmentation, the following steps of data collection using
a photogrammetric technique, data processing utilizing Agisoft Metashape, and data

cleaning by employing manual and automatic techniques were followed in order.

3.2.1 Data Collection

Regarding the photogrammetry approach's advantages of being cost-effective, accessible,
and easy to use, a photogrammetric approach was employed to capture the SW and NW
facade of the Fatih mosque. The approach includes using an iPhone 14 Pro Max camera. A
smartphone tool is accessible and used by everyone, utilizing such a tool and obtaining good
results from it contributes to an accelerated automation of the capturing and documentation
process, because it is within the reach of everyone. Multiple visits to the mosque’s site were
made, to observe the visitor’s density, in which crowds affect the capturing procedure
resulting in images with non-targeted data such as people, cars, and random objects. Upon
observation, most of the visits were at 7 a.m. when little to no people were there which didn’t
corrupt the capturing workflow. Additionally, at 7 a.m. no harsh sun or visible shadows were
present, which contributes to better image and segmentation quality. Another vital aspect
was the motion followed when capturing the facades. A steady notion following a horizontal
pace was followed to obtain sequential photos of the mosque, to help the classifier in
distinguishing the common point between the pictures easier for photos alignment point
cloud model generation. Moreover, to capture the broad view of the fagade along with some
details and ornaments, the images were captured from different distances along both facades,

as shown in Table 3.1.
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Table 3.1: Sample Images Captured at Different Distances from the Fatih Mosque’s SW and NW

Facades.

Images Captured from the Southwestern Facade

Images captured 8 meters

away

Images captured 15 Images captured 20 meters away

meters away

Images captured from the Northwestern Facade

Images Captured 3 meters

away

Images Captured 8 meters Images Captured 13 meters away

away
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Table 3.1: Sample Images Captured at Different Distances from the Fatih Mosque’s SW and
NW Facades (Table Continued).

The distances were calculated based on the tiles used in the flooring, which according to the
tile size ranged between 60 and 30 cm, the number of tiles was calculated at each distance
multiplied by the tile’s size resulting in the capturing distance from the targeted facade. The
farthest distances from both sides range between 13 to 20 meters away, which covers a
broader view of the mosque’s elements. The closest distance was 3 to 8 meters away from
the facades, this closer range allowed for better capturing of the mosque’s ornaments, details,
and materials. Collecting data at various distances is crucial to obtain better point cloud
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models. For the SW facade, 135 images were captured, while 126 images were taken from
the NW fagade, resulting in a total of 261 images from both sides. These images were used

for data processing and the generation of a digital point cloud model.

3.2.2 Data Processing

To process the 261 images collected from the Fatih mosque’s fagade, Agisoft Metashape Pro
was utilized. Agisoft Metashape founded in 2006, is a photogrammetry processing software
(Agisoft Metashape: Agisoft Metashape, n.d.). It processes the images carefully by aligning
a series of photos taken from various angles and distances, then matching their sharable
points known as "tie points" across the images. Tie points are points that are visible in images
taken in sequence, which the software detects and connects the imported images according
to them. This alignment provides a complete, seamless, and continuous scene or object of
the captured data. Once the tie points are distinguished, the software generates an initial
sparse point cloud model made from tie points, which doesn’t show any visible textures or
geometry. The sparse point cloud model can then be turned into a dense point cloud model.
This dense model can be exported in different levels of detail, including high, medium, and
low resolution, each differing in the number of points it contains. The model’s resolution
relates to the study’s scope and time. Higher resolutions result in more points, details, and
clearer textures within the model, and thus a longer processing and interpretation time. To
perform semantic segmentation, a dense point cloud model is needed because it offers a
clearer representation and a more detailed view of the captured data, which captures finer

textures and intricate features.

In this study, data processing started with importing 135 images into Agisoft Metashape Pro,
all taken from the SW side. After importing all the images in the program, the align photos
function was applied to detect the common tie points across the taken images, by identifying
their relative positions and aligning them based on the sequential images that share features
between them. The alignment was successful for all 135 images, resulting in an initial sparse
point cloud model made from 45,975 tie points which didn’t resemble any details or clear
geometry of the Fatih mosque’s SW facade. Therefore, the build dense cloud feature was
used to generate a more textured model that portrays the fagade’s elements clearly,
showcasing the overall SW fagade, as illustrated in (Figure 3.3).
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Figure 3.3: A 2,267,690 Point Cloud Model of the SW Facade, Captured from Agisoft Metashape.

The dense cloud model generated has 2,267,690 points for the SW fagade which provided
a rich and detailed representation of the mosque’s fagade. Almost all of the elements were
generated successfully except for elements that are above eye level height like the roof on
the right side, along with the flooring, these elements need a a tool to capture the data from
a top view. But for the limitation of the photogrammetric approach using a smartphone,
elements on higher levels weren’t captured and represented. The model was exported in
medium resolution, which maintained a manageable dataset size, ideal for this research’s
aim of capturing larger architectural features instead of smaller ornaments and details. The
objective was to represent main elements like masonry walls, main load-bearing walls,
columns, and the overall geometry of windows, arches, and entrances. The medium-quality
resolution not only minimized the training and testing time on the data but also provided a

good and clear representation of the SW side.

For the NW fagade, the same methods and processes were applied to obtain the dense point

cloud model as shown in (Figure 3.4)

Figure 3.4: A 993,501 Point Cloud Model of the NW Facade, Captured from Agisoft Metashape.
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As seen inthe figure, partial parts on the left side of the fagade weren’t correctly represented.
This might be because the lower part of the facade is extruded to the outside, where the
extruded upper part consisting of balustrades limited the software's ability to replicate the
elements behind it, resulting in an empty part within the captured NW fagade. The model

was exported also in medium quality to have a manageable dataset.

Both digital models served as a foundation tool for CANUPO’s plugin semantic
segmentation, However, data cleaning techniques were applied to have more controllable
and manageable data.

3.2.3 Data Cleaning

For refinement of the generated 3D dense point cloud models, data cleaning methods were
implemented using a combination of techniques within Agisoft Metashape Pro and
CloudCompare software. CloudCompare, a free and open-source tool for mesh and 3D point
cloud processing, is widely used in model cleaning, classification, visualization, and
measurement (Girardeau-Montaut, n.d.). CloudCompare has various plugins that serve
diverse functions, including CANUPO, which was employed for the semantic segmentation
of raw point cloud models of the Fatih mosque’s facades. Additionally, the Raster plugin
can convert points into raster grids for creating digital elevation, and the contour plugin
generates contour lines based on elevation data within the point cloud. CloudCompare’s
versatility and ease of use make it accessible even to users without programming expertise,

and its compatibility with both data collection tools improves its utility.

Initially, the cleaning process started with manual cleaning in Agisoft Metashape, followed
by automated techniques in CloudCompare using the Statistical Outlier Removal (SOR)
filter and subsampling feature. For the southwest (SW) facade, a manual cleaning process
was conducted first in Agisoft using the rectangular selection tool to remove irrelevant
points, such as those representing the sky, people, or uncompleted parts of the facade, which
don’t contribute to the study’s dataset. After manual cleaning, the model was exported from

Agisoft Metashape in .las format for additional cleaning in CloudCompare.

In CloudCompare, the statistical outlier removal SOR filter was applied as the second
cleaning method. This filter distinguishes noise by calculating the average distance between

each point and its neighbors, removing points that are very far from this average distance.
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Before applying the SOR filter, the initial SW model contained 2,615,530 points, after
applying the SOR filter, the number of points was reduced to 2,520,140 points without losing
any essential detail of the fagade. Finally, the subsampling feature in CloudCompare was
employed, and the subsampling feature reduces the number of points based on a set distance
or percentage. In this research, a small subsampling ratio of 0.01 m was used to minimize
points number while retaining the model’s overall structure and details. After subsampling,
the SW fagade model was reduced further to 2,267,690 points, producing a managable yet

clear digital representation model.

For the northwest (NW) facade, only manual cleaning within Agisoft Metashape was
performed. This approach was taken due to the lower number of points in this model, which
totaled less than one million. Although CloudCompare’s cleaning methods significantly
reduce processing time, applying multiple data cleaning techniques on a smaller model with
fewer points could compromise representation quality and segmentation results. When the
SOR filter and subsampling were used on the NW fagade, the point count dropped from
993,501 to 570,498 resulting in a loss of nearly half the points, which could impact the

model’s structural accuracy for classification purposes.

To summarize, the dense point cloud model of the SW fagade initially contained 2,615,530
points, reduced to 2,267,690 points after applying three cleaning techniques, a manual one,
and two automatic techniques, with a total reduction of 347,840 points. Conversely, the NW
facade’s dense model began with 998,872 points, reducing only slightly to 993,501 points
through manual cleaning alone to preserve its structure and not to compromise on details
and geometries. These data-cleaning steps not only optimize large datasets but also facilitate
an efficient training and classification process by producing a manageable model that

maintains accuracy without unnecessary points.

3.2.4 Ontological Typology of the Fatih Mosque Facade Elements

To document and analyze the architectural details of the Fatih Mosque’s Southwest (SW)
and Northwest (NW) facades, an ontology was developed that categorizes each fagade
element. This ontology is adapted and refined from an existing reference (Stouffs & Tunger,
2015), which introduced the mosque's physical and conceptual elements within the historical

context of the Ottoman era. Through this adaptation, the ontology was developed and ajusted
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according to the Fatih Mosque, providing details of each main element to reflect its unique
architectural characteristics and entities. (Figure 3.5) illustrates the mosque’s external facade
elements, showing the individual components of each fagade element with additional levels

of classification.

Fatih Mosque
—Facade
~ Wall
Main Load Bearing Wall*
Buttress
Minaret Base
Masonry Wall*
Column#
Decorative Column
Capital
Shaft

Base
~Dome

Central Dome
Crescent
Drum
Fenestration
Half Dome
Small Dome
Minaret

Pinnacle
Crescent

Fluting

Balcony
Mugarnas
Balustrade

Entrance*

Courtyard Entrance
Muarble Gate
Door
Mugarnas

Prayer Hall Entrance
Door

Window *

Rectungular Window
Stone Frame
Lutticework

Pointed Arched Window
Latticework

Stairs*
Roof

Corridor Wooden Rool

Cornice

Water Spout*

“Arches#*
Pointed Arch
Ornaments

Balustrade

Carvings

Pointed Arche

Figure 3.5: An Ontology for the Fatih Mosque’s Facade Elements. Elements Marked with an

Asterisk (*) are Used for Training and Semantic Segmentation.
36



This study aims to digitally preserve the Fatih Mosque by extracting and categorizing its
primary architectural elements, which led to the identification of eight distinct categories.
Rather than selecting categories based on decorative or minor details, the focus remained on
major architectural elements, such as main load-bearing walls, masonry walls, columns,
entrances, windows, stairs, arches, and waterspouts. For some elements, including the domes
and minarets, were excluded due to the limitations of the smartphone-based data collection,
which only captured scenes at ground level, omitting complete views of these higher

structures.

Additionally, the minaret base required specific categorization, given that only the base was
visible within the ground-level data. To address this, the minaret base was classified as a
sub-element within the main load bearing wall category, as it shares similar foundational
characteristics with buttresses, in which both serve as load-bearing elements attached to
masonry walls. In contrast, waterspouts were included as a primary category despite being
sub-elements, due to their prominent size and visibility within the fagade, in which the

classifier detected it multiple times in the segmentation of other elements.

Utilizing these defined categories, semantic segmentation was conducted using the
CANUPO plugin in CloudCompare, enabling detailed segmentation of each selected
element. This approach offers a structured and replicable framework for analyzing and

preserving the architectural heritage of the Fatih Mosque.
3.3 SEMANTIC SEGMENTATION USING CANUPO PLUGIN

Following data cleaning and the identification of architectural elements, the CANUPO
plugin was applied for the semantic segmentation of the heritage point cloud model of the
Fatih Mosque’s Southwest (SW) and Northwest (NW) facades. CANUPO, which stands for
CAractéristiques NUmeriques POintées in French, is a CloudCompare plugin that supports
the classification and analysis of point cloud data through a multi-scale approach (Brodu &
Lague, 2012). This plugin uses a scale-based dimensionality criterion to analyze point cloud
geometries, distributing core points throughout the model and assessing patterns around each
core point based on parameters set along a “scale ramp.” The scale ramp includes a minimum
(min), maximum (max), and incremental step value to define the range for analysis, where

the min and max values determine the smallest and largest distance for analysis around each
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point, and the step value indicates the increments between them. By examining clusters,
irregularities, and flat surfaces within these ranges, CANUPO enables pattern recognition
and ultimately classifies data, albeit through binary segmentation, dividing points into two

categories, such as walls and windows or window frame and glass.

To use CANUPO, the classification process unfolds in two main phases: training the
classifier and performing the actual classification. During the training phase, sample areas
representing each architectural element are manually selected, and the main point cloud
model is divided into separate point clouds for each element class. The “train classifier”
command is then applied, where two classes, such as walls and windows (class 1 and class
2), are chosen and analyzed based on scale ramp parameters. This analysis results in a
classifier file in .prm format, which is used in the second phase to apply the trained
classification to the entire model.

In this study, the classifier training phase was initially conducted on the SW facade. This
process began with the manual selection of sample areas for each architectural element, as
presented before in (Figure 3.5). Using CloudCompare’s segmentation tool, sample areas
were isolated by drawing polylines around each identified region as illustrated in (Figure
3.6).

Figure 3.6: Manually Selected Sample Areas Representing the Fatih Mosque’s Facade Elements.

After identifying these areas, each sample was exported as a separate class using the “split
cloud according to integer values” command from the scalar field menu. This resulted in
multiple point clouds named as integer-based classes (e.g., “class 1” for masonry walls,
“class 2” for windows), and a total of eight classes were created from the SW facade, each

representing a different architectural element used for training.
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Next, CANUPO’s “train classifier” feature was employed. Each training session involved
pairing a constant “class 1” which is the nontargeted element (the complete fagade), and
“class 2” the targeted element for classification such as masonry walls, columns, or stairs.
To achieve optimal training and segmentation of the training data, the scale ramp values
were changed nine to 9 times for the training of each element. In these trials, two of the
three scale ramp values min, max, and step were kept constant while changing the third one,
producing nine classifier files per facade element, after conducting three experiments for
each value. After each changing the scale ramp parameters, the “CANUPO training”
windows appear as shown in (Figure 3.7).

fo CANUPO training (result)

You can manunlly ede the boundary [ left cick: salect or add vertex / long press: move / night click: remove vertex)

New size = 878 * 438 (px) ’

lcnr,.'.d
- dass 1: Medium Quelity new 2.las.done
- dass 2: dass #1
Scales
0.8 0.2 2 :

raset boundary  statistks  ponts gze (1 5 S0 Done

Figure 3.7: CANUPO’s Training Window Result Based on the Set Scale Ramp Values, Obtained

from the Training for Windows Class.

This window displays how CANUPO categorizes the points according to the scale ramp

value. Where the purple line represents the boundary line that separates class 1 in blue
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(nontargeted element) and class 2 in red (targeted element), which is determined by the
CANUPO algorithm based on the set scale ramp parameters and based on the distance it
analyzed between each point and its neighbors. The "Scales™ field at the bottom, with values
like 0.8 0.2," indicates the minimum and maximum scales used for classifying points based
on their neighborhood characteristics, influencing how sensitive the classification is to
variations in the point cloud. The boundary line can be manually adjusted and moved to
separate the classes more accurately. After managing this process, the classifier file is
produced. Ultimately, these classifier files were applied to classify the mosque’s elements,
on the training dataset from the SW facade, Table 3.2 displays samples of the results obtained
based on changing the scale ramp values for each element. For the complete results explored

on all eight elements, please refer to Table A.1 in the appendix section.

Table 3.2: Samples from CANUPO’s Training Trails on the SW Facade, Based on Changing the
Scale Ramp Min, Max, and Step Values. Only Scale Values Marked with an Asterisk (*) Symbol

were Used for Testing.

Segmentation Results

Class
Value

Min: 0.2, Step: 0.4, Max: 1.0

Min: 0.2, Step: 0.4, Max: 0.6 Min: 0.2, Step: 0.4, Max:0.8 *

Fr

Max

Min: 0.2, Step: 0.6, Max: 0.8

Min: 0.2, Step: 0.3, Max: 0.8

Min: 0.2, Step: 0.4, Max: 0.8

Windows
Step

k

Min

;’(

Min:0.08, Step: 0.4, Max: 0.8

Min: 0.2, Step: 0.4, Max: 0.8

&
P:

Min: 0.3, Step:0., Max: 0.8

Min:0.2, Step: 0.4, Max: 0.6

Min: 0.2, Step: 0.4, Max: 0.8

Min: 0.2, Step: 0.4, Max: 1.0

40




Table 3.2: Samples from CANUPQO’s Training Trails on the SW Facade, Based on Changing the
Scale Ramp Min, Max, and Step Values. Only Scale Values Marked with an Asterisk (*) Symbol

were Used for Testing. (Table Continued)
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The mentioned number in the tables represents the scale value parameters, in which numbers
like 0.2 or 1.2 are in meters, these are the min and max values the classifier will analyze.
Based on the obtained results, one segmentation outcome for each element was chosen,

which is the best result where the classifier performed well in identifying the trained and




targeted element. The chosen scale ramp value was saved into a .prm classifier file. This file
was utilized later to test CANUPO’s ability to detect the same element using parameters
based on the trained data from the SW side, to test its functionality in recognizing it from
unfamiliar data of the NW facade. Table 3.3 outlines the results of the testing phase applied
to the NW facade using classifiers trained from the SW side.

Table 3.3: Semantic Segmentation Results on the NW Dataset Used for Testing CANUPO’s
Functionality for Heritage Data.

Class Segmentation Results

Windows

Masonry
Walls

Stairs

Entrance

Arches

Waterspouts
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The training phase required a lot of repetition and adjustments to obtain the classifier file
with the most accuracy, however, the testing phase was significantly shorter in time because
it didn’t require any experimentation with the scale ramp values, using the classifier files
from the SW facades, each segmentation results on the NW side was acquired within

seconds.

Even though CANUPQO’s performance can be quite distinguished visually from the
segmentation result on both facades, reliable assessment criteria were applied to calculate
scientifically how many points were correctly and incorrectly classified. Because depending
on visual interpretation is subjective, with a lack of actual data on the resulting numbers.
Therefore, the segmentation trials presented in Table 4, Table 4A, and Table 5 in the
appendix section formed the basis of the next chapter on the assessment of CANUPQO’s

performance.
3.4 ASSESSMENT OF THE CANUPO’S CLASSIFIER PERFORMANCE

To evaluate the results generated by the CANUPO plugin, classification metrics including
accuracy, recall, precision, and false positive rate (FPR), were used to assess its effectiveness
in identifying the elements on the Fatih Mosque’s facade. This method provides a robust
measure of the plugin’s performance in accurately detecting the facade components and

allows for an overall understanding of the classifier’s capabilities.

3.4.1 Confusion Matrix Points

Before the calculation of the confusion matrix points, the identification of Ground Truth
Points is essential which forms the base of the assessment criteria. To establish ground truth
points (GTP), previously illustrated manually selected areas in Figure 11 were used as a
baseline. These representative points were carefully chosen to optimally reflect the various
elements, ensuring accuracy in the classification of each component. After identifying the

GTP for each element, the specific counts for these points were recorded.

In machine learning classification, after the identification of GTP, the segmentation results
are analyzed through a confusion matrix, which categorizes four types of points: True
Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN).
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a. True Positives (TP) represent points that belong to the segmented class and were
accurately classified.

b. False Positives (FP) are points that do not belong to the class but were incorrectly

classified as positive.

c. False Negatives (FN) are points that belong to the class but were mistakenly classified

as negative.

d. True Negatives (TN) are points that do not belong to the class and were correctly

classified.

Following GTP identification, the TP points were identified. Since CANUPO performs
binary classification, each segmentation separates the targeted element from the general
facade. Using the “split cloud by integer values” command, each class could be individually
analyzed, resulting in TP and FP points for the targeted element. TP points were obtained by
manually selecting the representative areas corresponding to the GTP. FP points were

calculated using equation 3.1

FP = Total Number of Points from the Targeted Element — TP (3.1)

The other binary class, the facade, consists of FN and TN points. To determine FN points,

equation 3.2 was used, since manually identified GTP includes both TP and FN

FN = GTP —TP (3.2)

Lastly, TN was derived by subtracting FN from the total points in the facade, as shown in

equation 3.3

TN = Total Number of the Facade's Points — FN (3.3)

Using these formulas in combination with manual identification, the GTP, TP, FP, TN, and
FN points were calculated. Table 3.4 displays the confusion matrix point numbers according

to each segmented facade element.
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Table 3.4: Number of GTP, and Points within the Confusion Matrix Including TP, FP, TN, and FN
Points Based on Each Element’s Segmentation Result.

Segmented Class GTP TP Points FP Points TN Points FN Points

Southwestern Facade

Masonry Walls 1,280,605 726,995 537,633 553,610 449,452
Main Load

Bearing Walls 548,764 211,239 216,848 337,525 1,502,078
Columns 19,817 19,228 235,219 589 2,012,654
Windows 200,196 167,042 605,421 33,154 1,462,073
Entrances 75,617 50,691 652,435 24,926 1,539,638
Stairs 88,106 77,501 443,172 10,605 1,736,412
Arches 47,442 35,346 581,765 12,096 1,638,483
Waterspouts 7,143 7,023 198,526 120 2,062,021

Northwestern Facade

Masonry Walls 811,469 626,873 99,905 184,596 82,127
Windows 41,698 22,888 290,299 18,810 661,504
Entrances 118,610 91,736 304,246 26,874 570,645
Stairs 14,749 5,462 183,565 9,287 795,587
Arches 5,409 5,328 276,629 81 711,463
Waterspouts 1,575 0 115701 1,575 876,225

These resulting confusion matrix numbers for each class were used for the evaluation metrics
formulas, which provide a detailed insight into the classifier’s performance and help to
understand what each number contributes to, and what can be developed based on them. The

following section introduces the formulas used for CANUPQ’s evaluation.
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3.4.2 Evaluation Assessment Matrices

To quantify the classifier’s accuracy, recall, precision, and FPR for each element, equations
(3.4), (3.5), (3.6), and (3.7), derived from Macher, Landes, & Grussenmeyer (2017), were
applied:

To calculate the accuracy percentage per class equation 3.4 was used. Accuracy calculates
the overall performance of the classifier, as it evaluates its ability to correctly detect the

positive and negative points. Using this equation the accuracy percentage was obtained.

A - TP+ TN x 100% (3.4)
CUracY = TP ¥ TN + FP + FN 0

While recall (True Positives rate), is calculated to evaluate the number of positive points that
were correctly classified by CANUPO. Using equation 3.5 the recall was calculated.

TP
Recall = —x 100% (3:5)

TP+ FN

The precision metric shows how many points were predicted to be positive, but they were
actually positive, it tests how accurate the correct classifications are. Using equation 3.6

precision was calculated.

TP
icion = — 0 3.6
Precision TP T FP X 100% (3.6)

Lastly, the False Positives Rate FPR, calculates the proportion of actual negatives incorrectly
classified within the positives segmented element. Using equation 3.7 the FPR was

calculated.

False Positive Rate = _fP x 100% (3.7)
FP+ TN

Measuring these metrics gives a clear view of CANUPO’s accuracy performance,

completeness, precision, and minimization of false classification. According to the obtained
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percentages from each metric for each class, ranges including high, medium, and low were
set. Percentages with a percentage above 75% are considered high, while percentages from
50 to 75% are considered medium, and percentages below 50% are considered low, where
half of the points are incorrectly classified. However, some limitations should be addressed
for the interpretation of these results. First, because the identification of GTP and TP points
was manually conducted, some points might be falsely identified because it is subjected to
human error and intervention. After all, the dataset is big and hard to manage manually with
complete accuracy. About this limitation, the representative areas were selected as accurately
as possible. Second, because the NW facade wasn’t originally used for training, manual
identification of its representative areas was conducted to obtain the evaluation assessment
metrics. Because comparing its results with the points of the SW facade won’t be reliable
and accurate. Third, for the masonry walls class, the GTP and TP points numbers don’t
specifically represent the walls' true points number only. It consists of other facade elements
like the ornamental carvings and stones above the windows which aren’t targeted for
segmentation because this research focuses on segmenting the main fagade elements rather
than its ornaments and details. However, because the classifier was trained with the same
consideration of having the ornament within the masonry wall representative areas, this
didn’t affect the CANUPO classifier’s performance or the way it was evaluated. The
following chapter presents segmentation results based on the evaluation metrics criteria with

percentages identifying the classifier’s effectiveness.
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4. RESULTS

This chapter introduces the findings from the CANUPQ’s classifier performance. In the first
phase, the classifier was trained to extract eight building elements from the SW faced. In the
second phase, the classifier was tested on its ability to detect the same elements but from
unseen data of the NW facade. Based on these phases, the segmentation results were
acquired, observed, and analyzed. Table 3.4 displays the outcome of the analysis procedure,
which revolved around the calculation of the assessment evaluation percentages, as

displayed in Table 4.1.

Table 4.1: Accuracy, Recall, Precision, and FPR Percentages for the Segmented Classes.

Accuracy Precision False Positive Rate
Targeted Class Recall Percentage
Percentage Percentage Percentage

Southwestern Fagade

Masonry Walls 52% 57% 57% 54%
Main Load Bearing
Walls 76% 38% 49% 13%
Columns 90% 97% 8% 10%
Windows 2% 83% 22% 29%
Entrances 70% 67% 7% 30%
Stairs 80% 88% 15% 20%
Arches 74% 75% 6% 26%
Waterspouts 91% 98% 3% 9%
Northwestern Facade
Masonry Walls 71% T71% 86% 55%
Windows 69% 55% 7% 30%
Entrances 67% 77% 23% 35%
Stairs 81% 37% 3% 19%
Arches 2% 99% 2% 28%
Waterspouts 88% 0% 0% 12%
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For a better and more concise analysis of the results in Table 7, the evaluation assessment
percentages of each element are presented below and categorized according to each fagade.
The resulting percentages are assigned within the high, medium, and low range, provided

with an explanation of each number and range.
a. Southwestern Fagade Evaluation Metrics
Masonry Walls Class

a. Accuracy: 52% (Medium)

b. Recall: 57% (Medium)

c. Precision: 57% (Medium)

d. FPR:54% (Medium)

The classification of masonry walls displayed a moderate level of performance across all
metrics. While the segmentation results clearly distinguish masonry walls from other facade
elements, the medium recall and precision reveal that the classifier struggled to identify a
significant portion of true positive (TP) points, missing nearly half of the correct data.
Additionally, the false positive rate (FPR) of 54% highlights a decent rate of
misclassification, with nearly half of the points incorrectly assigned to this class. This
outcome emphasizes the challenges faced by the classifier in effectively differentiating

masonry walls from non-targeted elements.
Main Load-Bearing Walls Class

a. Accuracy: 76% (High)

b. Recall: 38% (Low)

c. Precision: 49% (Low)

d. FPR:13% (Low)

Despite the high accuracy of 76%, the low recall and precision percentages indicate that the
classifier struggled to detect many true positive points, misidentifying approximately half of
the predicted points. As seen in (Figure 4.1) this performance highlights the classifier's
limited effectiveness in isolating the specific geometry of load-bearing walls.
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. Main Load Bearing Walls
. Facade

Figure 4.1: Segmentation Result of the Main Load Bearing Walls from the Trained Dataset on the
SW Facade.

The higher accuracy can be attributed to the low FPR of 13%, which indicates fewer errors

in classifying non-targeted elements.
Columns Class

a. Accuracy: 90% (High)

b. Recall: 97% (High)

c. Precision: 8% (Low)

d. FPR:10% (Low)

The classifier performed well in identifying the majority of the column’s points, as can be
seen visually in (Figure 4.2) and numerically by the high accuracy and recall scores of 90
and 97%. However, the low precision suggests significant confusion, with many non-column
points incorrectly classified as part of this element. This misclassification likely stems from
the geometric similarities between columns and other vertical facade features, requiring

more refined parameter adjustments to improve differentiation.

. Columns
. Facade

Figure 4.2: Segmentation Result of the Columns’ Class from the Trained Dataset on the SW

Facade.
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Windows Class

a. Accuracy: 72% (Medium)
b. Recall: 83% (High)

c. Precision: 22% (Low)

d. FPR:29% (Low)

The segmentation of windows demonstrated moderate accuracy and high recall, indicating
the classifier’s effectiveness in identifying a portion of true positive points. However, the
precision score of 22% illustrated frequent misclassification, where a significant number of
non-window points were falsely assigned within the windows class. These errors were likely

influenced by the intricate details and varied shapes of the windows.
Entrances Class

a. Accuracy: 70% (Medium)

b. Recall: 67% (Medium)

c. Precision: 7% (Low)

d. FPR:30% (Low)

The performance for entrances was moderately effective, as indicated by the medium
accuracy and recall scores. The relatively distinct geometry of entrances, along with their
material composition, likely contributed to the classifier’s low FPR of 30%. However, the
low precision of 7% suggests frequent misclassification of unrelated elements, highlighting

a need for improved parameter tuning.

Stairs Class

a. Accuracy: 80% (High)

b. Recall: 88% (High)

c. Precision: 15% (Low)

d. FPR: 20% (Low)

The classifier achieved strong accuracy and recall scores for stairs, indicating effective

detection of true positive points. However, the precision score of 15% points to significant
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confusion, with many incorrectly classified points. This differentiation in percentages
suggests that while the classifier could locate the general shape of stairs, its ability to isolate

them from the facade's other geometric features remains limited.
Arches Class
a. Accuracy: 74% (Medium)

b. Recall: 75% (Medium)

o

Precision: 6% (Low)
d. FPR:26% (Low)

The moderate accuracy and recall scores highlight the classifier’s ability to recognize arches
but with limited precision. The low precision of 6% indicates confusion between arches and
other curved elements, such as entrances and pointed arch windows. This overlap suggests
that curvature alone is insufficient for accurate classification, necessitating additional

distinguishing parameters.
Waterspouts Class

a. Accuracy: 91% (High)
b. Recall: 98% (High)

c. Precision: 3% (Low)
d. FPR: 9% (Low)

The classification of waterspouts demonstrated the highest accuracy and recall percentages
among all the elements, confirming that the classifier effectively detected most of the true
positive points. However, the low precision indicates significant confusion, with numerous
false positive points misclassified as waterspouts. This is likely due to the small size and
repetitive nature of waterspouts, which may be visually similar to other facade features.
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b.

Northwestern Facade Evaluation Metrics

Masonry Walls Class

a.

b.

C.

d.

On the unseen NW facade, the classifier achieved high recall and precision, indicating
effective detection of true positive points. Even though the masonry walls can be easily
distinguished visually as seen in (Figure 4.3) the FPR of 55% highlights significant
misclassification of non-targeted elements, such as upper windows and entrance features.

This outcome underscores the classifier's limited generalizability in distinguishing masonry

Accuracy: 71% (Medium)
Recall: 77% (High)
Precision: 86% (High)

FPR: 55% (Medium)

walls when applied to new datasets.

. Masonry Walls
. Facade

Figure 4.3: Segmentation Result of the Masonry Walls Class from the Testing Dataset on the NW

Facade.

Windows Class

a.
b.
C.
d.

The classifier demonstrated moderate performance in segmenting windows, with a recall of

55% indicating partial success in detecting true positive points. However, the low precision

Accuracy: 69% (Medium)
Recall: 55% (Medium)
Precision: 7% (Low)

FPR: 30% (Low)
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and FPR percentages reveal substantial difficulty in distinguishing window geometry,
particularly for upper-level windows, when applied to unseen data.

Entrances Class

a. Accuracy: 67% (Medium)
b. Recall: 77% (High)

c. Precision: 23% (Low)

d. FPR: 35% (Low)

The classifier’s medium accuracy and high recall for entrances suggest that it successfully
identified a large portion of true positive points. However, the low precision points to
confusion with similarly curved features, such as arches and pointed windows, which

highlights a need for further refinement.
Stairs Class

a. Accuracy: 81% (High)

b. Recall: 37% (Low)

c. Precision: 3% (Low)

d. FPR:19% (Low)

While the classifier achieved high accuracy for stairs, the low recall and precision scores
reflect its struggle to correctly classify stair elements. The high accuracy was primarily
influenced by the low FPR, indicating fewer mistakes in misclassifying non-targeted points.

Arches Class

a. Accuracy: 72% (Medium)
b. Recall: 99% (High)

c. Precision: 2% (Low)

d. FPR:28% (Low)

The classifier demonstrated excellent recall for arches with the highest score among other
elements in the NW facade, with almost all true positive points correctly identified.

However, the low precision suggests significant misclassification, where arches were
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confused with other curved elements. This indicates a need for enhanced parameters to
reduce overlap between similar features.

Waterspouts Class

a. Accuracy: 88% (High)
b. Recall: 0% (Low)

c. Precision: 0% (Low)
d. FPR:12% (Low)

Despite a high accuracy score, the classifier completely failed to identify waterspouts on the
NW facade as shown in (Figure 4.4), as evidenced by the 0% recall and precision. The high
accuracy is misleading and reflects the disproportionate number of waterspout points

compared to the larger dataset, which heavily influenced the metric.

Figure 4.4: Segmentation Result of the Waterspouts Class from the Testing Dataset on the NW
Facade.

For an overall view of CANUPO'’s classifier performance, Table 4.2 showcases the chosen
classification results obtained from the data training and testing steps. Each result was
categorized according to the set ranges of high, medium, and low accuracy. In the
segmentation outcomes, the targeted element for segmentation is classified in red, while the

facade is always classified in dark blue.
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Table 4.2: Categorization of the Classification Results in High, Medium, and Low Accuracy,
Based on the Accuracy Metric Percentages.

Accuracy Metric-Based Categorization

High Accuracy Medium Accuracy Low Accuracy

(above 75%) (50 — 75%) (Below 50%)

Southwestern Facade

Main Load bearing walls Class Masonry Walls Class -

Columns Class Windows Class -
ﬂ

Stairs Class Entrances Class -
j

Waterspouts Class Arches Class -

—

Northwestern Facade

Stairs Class Masonry Walls Class -

-H--

Waterspouts Class Windows Class -

.‘.—-:‘-
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Table 4.2: Categorization of the Classification Results in High, Medium, and Low Accuracy,

Based on the Accuracy Metric Percentages. (Table Continued)

- Entrances Class -

I

- Arches Class -

As seen in the table, the accuracy of most elements remains above 50%, and larger elements
with a broader scale ramp like the main load-bearing walls, with a 1.1 min, 1.2 step, 2 max,
and the columns from the SW facade, have a higher accuracy. On the other hand, the scale
ramp with narrower values below 1 meter, had high and medium accuracy, yet no element
resulted in a low accuracy from both facades. This categorization based on the accuracy
metric alone gives a general insight into the classifier’s performance without explanation of
what was correctly identified as TP, what was correctly predicted, and what was correctly
unclassified for the non-targeted elements. Therefore, analyzing the other evaluation metrics
is essential. This further analysis of the highest and lowest performance for the classifier’s

detection of each element from the trained and testing data is proposed in Table 4.3.

Table 4.3: Categorization of the Fatih Mosque’s Elements Based on the Classifier’s Highest and
Lowest Segmentation Performance on the SW Fagade.

CANUPQ’s Highest Performance on the Trained Data from the SW Facade

Class

Evaluation Main

Metric Masonry | Load ] .
) Columns | Windows | Entrances | Stairs | Arches | Waterspouts
walls Bearing

Walls

Accuracy

Recall
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Table 4.3: Categorization of the Fatih Mosque’s Elements Based on the Classifier’s Highest
and Lowest Segmentation Performance on the SW Facade. (Table Continued).

Precision

FPR

CANUPO’s Lowest Performance on the Trained Data from the SW Facade

Accuracy

Recall

Precision

This color-coded table compares the highest and lowest performance for the CANUPO’s

plugin on the trained data from the SW side. For the case of highest performance,
waterspouts scored the highest results in three metrics including accuracy, precision, and
FPR. While the masonry walls scored the highest performance with a 57% recall. Table 4.4

presents the same comparison but on the data used for testing captured from the NW fagade.

Table 4.4: Categorization of the Fatih Mosque’s Elements Based on the Classifier’s Highest and

Lowest Segmentation Performance on the NW Facade.

CANUPO’s Highest Performance on the Testing Data from the NW Facade

Class

Evaluation Main

Metric Masonry | Load ] .
) Columns | Windows | Entrances | Stairs | Arches | Waterspouts
walls Bearing

Walls

Accuracy

Recall

Precision -

FPR
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Table 4.4: Categorization of the Fatih Mosque’s Elements Based on the Classifier’s

Highest and Lowest Segmentation Performance on the NW Facade. (Table Continued)

CANUPO’s Lowest Performance on the Testing Data from the NW Facade

e -

Recall

Precision

FPR

Similar to the results from the trained data, waterspouts scored the highest performance in
the accuracy and FPR matrices. However, it didn’t score the highest recall, but the arches
elements did. And same to the trained data, masonry walls had the highest precision with
86%. In both facades, waterspouts scored the lowest performance for the precision matric,
but on the NW facade, it had the lowest rate for the recall metric too. Similarly, both facades
had the lowest performance for the FPR done on masonry walls.

Based on all of the findings’ categorization and results, the next chapter discusses the
meaning behind all the obtained results, what do they indicates, what statements they align
or contradict with, and future implication and developments should be taken into account.
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5. DISCUSSION AND CONCLUSION

The findings of this study provide valuable insights into the advantages and challenges faced
by the utilization of the CANUPO classifier for the semantic segmentation of facade
elements from heritage data. Also, it covers the effectiveness of using a photogrammetric
approach for the capturing of Fatih mosque in Istanbul. Given the historical significance and
value of the mosque, the production of reliable representation and segmentation is vital. This
chapter describes the reliability of the results, reflecting on the methodological and
assessment approaches, the effectiveness of CANUPO, and the impact of environmental
factors on data collection and the classification results. Also, the study’s limitations are

discussed as well as future suggestions for developed implications of this study.

Sun lighting, which is a very important environmental factor for data collection, can affect
the classification results massively. When the sun is strong and hits the building creating
strong sharp shadows, this can lead to misclassifications, because it confuses the classifier
into thinking that the shaded and unshaded areas have different materials. The classifier
depends on the point’s attributes such as textures and reflectivity. Therefore, when the sun
hits the surface, the classifier falsely reads the point’s attributes by thinking it has a darker
or more reflective material when it doesn’t. Also, it affects the point processing procedure,
which limits the processing software's ability to fully identify the captured building features
resulting in gaps within the points or uncompleted objects within the model. This occurred
in the generation of the SW and NW facade, where the interior part of the windows is
partially missing with fewer points number because the area has shadows and is darker than
its surroundings, which resulted in partial gaps. However, this didn’t occur because the sun
was hitting but generally the window’s interior goes deeper inside than the rest of the
elements which resulted in a darker appearance. This aligns with the statement of (Arza-
Garcia et al., 2019) on the presence of shadows and how negatively it can affect the point
cloud model’s generation and segmentation outcomes. Regarding the lighting condition, this
was taken into consideration during all the site visits to the Fatih mosque site. By visiting
the site at 7 a.m. where no shadows were visible, Agisoft Metashape represented the captured
buildings effectively. Considering the effects of environmental conditions, particularly sun
lighting and shadow management, plays a vital role in the classifier’s segmentation

performance. Moreover, utilizing smartphones which are accessible to everyone showed that
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it is quite a good data collection tool for capturing heritage buildings which resulted in good
and considerable outcomes. This indicates that using accessible and cost-effective tools is
sufficient without the need for high-end equipment This aligns with this study’s intent to use

an available, portable, and cost-effective data collection method.

The point cloud model’s resolution is another important aspect in the field of heritage
elements’ semantic segmentation. Contrary to what was expected, producing a high quality
point cloud model didn’t make notable differences in the segmentation outcomes. Upon the
trial mentioned in the methodology on producing a high-quality model of the SW fagade
which resulted in more than 10 million points, the classification outcomes weren’t different
from the one obtained from the medium-quality model. In the contrary, the classifier’s
training and classification time was significantly higher than the training and classification
time on the SW fagade. This employs that for large datasets like the Fatih mosque’s fagade,
obtaining a high quality model isn’t required especially if the time factor was a constraint.
These findings suggest that extra details from high-quality models do not necessarily

contribute to better classification performance.

The study also found that the segmentation results were influenced by the selection of scale
ramp values in the training phase done on the SW fagade, which is a crucial step that needs
to be explored when working with the CANUPO classifier in CloudCompare.
Experimentation with the maximum and step values showed the most effect in the
classification outcomes on the SW side, where adjusting the maximum and step parameters
improved CANUPQO’s ability to learn features and segment them on the trained data.
However, adjusting the minimum scale parameter had minimal impact on the segmentation
of smaller elements. Whether it was set to a higher value above 1 meter or a lower value of
20 cm, the results almost stayed the same, with minor changes for most of the elements. This
might be improved in the case of segmenting smaller building elements, where the classifier
analyzes smaller areas and captures finer detail. Accordingly, for the case of masonry walls
and main load-bearing walls increasing the maximum scale parameter for larger elements
resulted in higher recall values, as the classifier effectively conducted better analysis by
analysing larger elements on larger areas. However, this study doesn’t have a definite
conclusion regarding this aspect because the elements within the study scope are relatively

big, not focusing on the segmentation of ornaments and finer details.
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Regarding the evaluation metrics results, which form the basis of this section on the utilized
data interpretation methodology, the accuracy metric achieved with CANUPO ranged from
high to medium, highlighting both positive and negative aspects of its application. For both
facades of the training and testing datasets, the waterspout element scored the highest
accuracy. This might be due to several reasons, the first reason being the targeted element’s
proportion in comparison to the nontargeted class. In the case of waterspouts, it is the
smallest element within the fagade, which helped the classifier learn its features more easily
than the other elements because it has fewer details and covers a smaller portion of the whole
point cloud model. Another reason might be its distinctive geometry, because it is extruded
from the fagade which helps CANUPO in distinguishing it better than other elements with
closer points positions. Another pattern was recognized among the study’s findings, which
is the correlation between the accuracy and false positive rate metrics. In the case of the
waterspout having the highest accuracy percentage from both facades, it also had the highest
false positive rate percentage in both facades of the Fatih mosque. This suggests that
accuracy is strongly influenced by the classifier’s having lower attempts to misclassify the
targeted element, which contributes to higher accuracy. However, high accuracy alone does
not always suggest effective segmentation performance. While the classifier achieved 88%
accuracy for the waterspout classification on the NW facade, it failed in the recall metric
with a result of 0%. In contrast, on the SW fagcade, CANUPO achieved 91% accuracy and
98% recall for the waterspout, indicating successful segmentation. This variety in
percentages suggests that CANUPO is heavily influenced by the spatial context and point
density of the targeted element. Since this plugin was originally designed to segment
vegetation and terrain, it showed a higher success with percentages near 98% within that
field (Becker et al., 2024) (Stroner et al., 2021). However, in this study, it wasn’t possible to

obtain high accuracy across all elements.

Recall metrics further illustrate the classifier’s inconsistent performance, revealing varied
results across architectural elements. While some elements such as arches and columns
showed relatively high recall values, others, smaller elements like the waterspouts from the
testing dataset, had a 0% recall rate which questions the classification reliability. This recall
outcome aligns with the findings from Moyano et al. (2021), which claimed that CANUPO
detects larger elements better than smaller ones. Such inconsistencies in the accuracy
percentages results indicate that CANUPO’s effectiveness is not strictly dependent but may
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also relate to point density and data uniformity across different facades. Moreover, the
semantic segmentation of the column element from the trained dataset demonstrated
reasonably high recall, suggesting an ability to detect large, continuous structures. Generally,
the recall percentages on the trained data are higher than the recall percentages obtained from
the testing data. This suggests that CANUPO performs better on the data that is used for both

training and classification, rather than unseen data.

Precision scores, however, scored low percentages for most elements captured from the SW
and NW facades. Suggesting an issue with CANUPQ’s ability to predict specific features
within the complex and large point cloud model of the Fatih Mosque. Low precision
indicates that the classifier frequently assigned negative points to the targeted elements
which consist of true positive points, resulting in a significant number of misclassifications.
This low performance might come from the lack of enough representative data points to
represent each element’s unique features and points’ attributes. As a result, CANUPO’s
effectiveness in accurately classifying complex and large architectural features remains
limited, questioning its applicability to other richly decorated heritage buildings. On a
positive note, the classifier demonstrated a relatively low false positive rate for most of the
elements, particularly in its predictions for non-target elements. This low false positive rate
implies that CANUPO made fewer mistakes in classifying nontargeted, which highlights an
area in its applicability to heritage structures. Nevertheless, improving precision is crucial
for utilizing CANUPO in heritage documentation and preservation.

The reliability of this study is impacted by the methodological choice of using a smartphone
camera for data collection. Despite its limitations, this approach utilizing a smartphone for
data collection provided a considerable approach toward cost-effective, accessible heritage
documentation. Smartphones provide images with lower quality than professional cameras
and other data collection tools like laser scanners or drones, which would provide higher
accuracy. However, this study successfully showcases that, even with cost-effective and
easy-to-use technology, meaningful insights into semantic segmentation for heritage
documentation are possible. This affordable approach can be particularly valuable for
researchers who may not have access to advanced equipment. Another limitation lies in the
method used for assessment, in which the number of GTP and TP was carefully but manually

identified, causing some errors related to human intervention. Despite these limitations, the
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study’s outcomes provide an informative insight into semantically segmenting heritage
elements using the CANUPO classifier. The potential of CANUPO to achieve relatively
reliable segmentation results with accessible technology highlights its value in heritage

documentation.

In conclusion, this study illustrates the functionality of the CANUPO classifier for the
semantic segmentation of the Fatih Mosque’s building elements. It provides a framework
for obtaining a semantically segmented digital model using a photogrammetric technique to
capture the exsisting mosque. The Fatih Mosque, which was built between 1462 and 1470
and designed by the Architect Atik Sinan, is one of Istanbul most valuable landmarks.
Because it doesn’t only represent an Islamic symbol, but it resembles a historic event of
Istanbul conquering. In which the mosque was named after the conqueror Fatih Sultan
Mehmet 11, who conquered Istanbul and established the byzantine empire.

The historical significance of the mosque mainly goes back to its original structure which
resembled the Turkish identity and early Ottoman architectural style. Unfortunately, the
mosque was subjected to multiple strong earthquakes which resulted in the loss of the
original mosque, where it completely collapsed beyond alteration or repair. This led to the
reconstruction of the existing mosque which started in 1767 and ended in 1771. Given its
historical significance, different studies explored the reasons behind the collapse of the
original mosqgue focusing on the analysis of its structural system, soil condition, and building
materials. Despite these efforts, there is limited literature on the current and original
structure, and a significant gap on the utilization of advanced technology for its
documentation and preservation. This study focused on the documentation and autonomous
detection of the facade elements from the point cloud model of Fatih Mosque. By addressing
this gap through the utilization of machine learning and advanced technology for data
collection, processing, and interpretation, this study contributes to the conservation of Fatih
mosque, by generating a sharable digital heritage model and establishing a digital framework

for heritage data collection and classification.

The research utilized an affordable and accessible data collection tool using a smartphone

camera for capturing the southwestern and northwestern facades of the Fatih Mosque. Upon

data collection, a dense point cloud model was generated for each facade using Agisoft

Metashape, a photogrammetry processing software. Then, the dataset was cleaned using
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manual and automatic tools within the Agisoft Metashape and CloudCompare software. To
specify the facade elements chosen for segmentation, an ontology map of all of the facade
elements was created, with a focus on classifying main elements of the facade resulting in
eight classes which are masonry walls, main load bearing walls, columns, stairs, windows,

entrances, arches and waterspouts.

By utilizing CANUPO for semantic segmentation, the process started with training the
classifier for elements’ classification on the SW facade, by adjusting the scale ramp values
to obtain the best classifier file with suitable parameters for each element. Then, the obtained
classifier files were used to test the classifier’s ability to detect the same targeted elements
but from unseen data. To tackle all the segmentation results, the confusion matrix points
including true positives, true negatives, false positives, and false negatives points in addition
to the ground truth points were calculated either manually or according to specific equations.
The resulting points number for each element was recorded to be used for the evaluation
metrics assessment equation. The evaluation metrics equations included the calculation of
the accuracy, recall, precision, and false positive rate, which all contribute to a better
understanding of CANUPQ’s performance on heritage data.

The findings showed challenges, inconsistency, and moderate performance of the classifier
for the point cloud semantic segmentation of the Fatih Mosque building elements. The
results revealed how elements like scale ramp values, environmental conditions, model
quality, points’ density, and the element’s geometry impact the segmentation results,
offering guidance for future studies and potential improvements utilizing a photogrammetric
technique in combination with CANUPO for data interpretation and building elements
analysis. Despite the challenges and inconsistency of the results, the study provides a
valuable framework for further exploration on CANUPO’s applications within the heritage

documentation and conservation sector.

Future research should focus on optimizing CANUPO for smaller architectural elements by

focusing on single-element segmentation or testing CANUPQO’s performance on one element

repeated across multiple heritage buildings with a similar architectural style. Also, based on

the mixed outcomes, future studies should explore the effect of scaling values on elements

of different sizes and levels of detail to identify optimal configurations that enhance accuracy

across varying architectural elements. Such explorations could uncover a more precise
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relationship between scale and an element attribute, ultimately improving segmentation
consistency. Additionally, combining photogrammetric data with advanced capturing tools,
such as drones and professional cameras, could enhance segmentation precision and detail,
allowing for a better analysis of the CANUPO classifier functionality with heritage data.
These tools could also support the integration of segmented elements into BIM software,
enabling better conservation practices and parametric object extraction for preservation and
education purposes. To conclude, this study presented a notable framework for the
digitalization and semantic segmentation of heritage buildings’ elements using CANUPO,
offering a technological approach for the documentation and preservation of Turkey’s

heritage assets.
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APPENDIX A

This section presents an in-depth explanation of the procedure done on the experimentation

with the scale ramp values within the CANUPO classifier. The complete data on the obtained

results is presented in Table A.1.

Table A.1: The Complete Data on CANUPO’s Training Trails on the SW Facade, Based on
Changing the Scale Ramp Min, Max, and Step Values. Only Scale Values Marked with an Asterisk
(*) Symbol Were Used for Testing.

Class

Value

Segmentation Results

Windows

Max

Min: 0.2, Step: 0.4, Max: 0.6

Min: 0.2, Step: 0.4, Max:0.8 *

Min: 0.2, Step: 0.4, Max: 1.0

l

Step

Min: 0.2, Step: 0.3, Max: 0.8

Min: 0.2, Step: 0.4, Max: 0.8

Min: 0.2, Step: 0.6, Max: 0.8

Min

Min:0.08, Step: 0.4, Max: 0.8

Min: 0.2, Step: 0.4, Max: 0.8

Min: 0.3, Step:0., Max: 0.8

Masonry Walls

Max

fr

Min:0.2, Step: 0.4, Max: 0.6

Min: 0.2, Step: 0.4, Max: 0.8

Min: 0.2, Step: 0.4, Max: 1.0

Step

Min: 0.2, Step: 0.3, Max: 0.8

Min: 0.2, Step: 0.4, Max: 0.8

Min: 0.2, Step: 0.6, Max:0.8

Pf

Min

Min: 0.08, Step:0.6, Max: 0.8

Min: 0.2, Step: 0.6, Max: 0.8

*

Min: 0.4, Step: 0.6, Max: 0.8
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Max

;&

Min: 0.2, Step: 0.6, Max: 1.0

Min: 0.2, Step: 0.6, Max: 0.8

fr
fr

Min: 0.2, Step: 0.6, Max: 1.2 *

Step

h

Min: 0.2, Step: 0.6, Max: 1.2

Min: 0.2, Step: 0.8, 1.2

h

Min: 0.2, Step: 1.0, Max: 1.2

k

Min

i
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f(

Min: 0.2, Step: 0.8, Max: 1.2

Min: 0.4, Step: 0.8, Max: 1.2

Min: 0.6, Step: 0.8, Max: 1.2

Stairs

Max

J
&

Min: 0.2, Step: 0.4, Max: 0.6

Min: 0.2, Step: 0.4, Max: 0.8
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&

Step

!;
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Min: 0.2, Step: 0.3, Max: 0.8

h
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Min
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h
!
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Load
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h
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=
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Min: 1.0, Step: 1.2, Max: 2.6

Min: 1.0, Step: 1.4, Max: 2.0

Min: 1.0, Step: 1.6, Max: 2.0

Min: 1.0, Step: 2.0, Max: 3.5
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min
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Entrances

Max

|

Min: 0.4, Step: 0.6, Max: 0.8
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=
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Step

Min: 0.2, Step: 0.4, Max: 1.0 *

il

Min: 0.2, Step: 0.6, Max: 1.0

el

Min: 0.2, Step: 0.8, Max: 1.0

o e

Min

Min: 0.08, Step: 0.4, Max: 1.0

el

Min: 0.2, Step: 0.4, Max: 1.0

e il

Min: 0.4, Step: 0.4, Max: 1.0

o e

This experiment was conducted to identify the role of the scale ramp value in the CANUPQO’s
segmentation results. The minimum, maximum, and step parameters form the core of the
CANUPO classifier. The main aim behind conducting this is to know which value has the
most effect on the targeted elements and what pattern can be concluded. The method started
by performing nine training and classification trails on each element. The 9 trials for each
element can be grouped into three groups, with each group consisting of three experiments.
the first group involves changing the maximum value only while keeping the minimum and
step values constant. Then, the scale ramp values with the best classification result out of the
first group is chosen. After that, the chosen values are explored in the second group. The
second group also involved three experiments, where the step value was changed, and the
minimum and maximum values were kept constant. Similarly, the scale ramp values with
the best classification results from the second group is used to explore in the third group,
which involves changing the minimum value while keeping the maximum and step values
constant. In each experiment, the scale ramp value was changed, for example in the first
experiment the maximum value was set to 0.6, then increased to 0.8, and the third time
decreased to 0.4, while keeping the minimum and step parameters constant each time.

For most elements, a scale ramp value ranging between 0.2 to 0.8 meters was suitable for
the classification on the trained dataset. However, for larger elements like the main load
bearing walls and the columns, values above 1 meter were required to achieve optimal
classification. This procedure helped in analyzing the classifier’s performance based on the

distances it analyses around each point.
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